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ABSTRACT 
 Many advances have been made in agricultural machines, specifically combine 
harvesters, in terms of the size of equipment as well as the intelligence of computers on board 
the machinery.  These advances have led to a big increase in productivity of harvesting 
operations.  This is needed though because as productivity has increased so has the cost 
associated with operating the machinery.  Specific needs are to address the inefficiencies in the 
harvesting operations because cost associated with inefficient agriculture operations are 
increasing as the price of fuel, labor, and machinery increases.  This study presents an analysis 
of the machine performance of harvesting operations using on-machine data collection on a 
large-scale corn production farm in Iowa.   
The data collection method sought to record data from each combine on a one second 
interval for the entire year of harvest operations.  After the data were collected, it was analyzed 
to determine how much time was spent in each of the eight machine state classifications that 
were formulated using metrics that could be collected from the machine.  The objective of this 
analysis was to determine the operation efficiency of the combine machine and to determine 
inefficiencies that exist in the harvesting operations.  In analyzing the machine productivity, 
ArcGISTM was used to present the machine state classification with a spatial representation.  
The results showed that the machine states could be analyzed using the data and provide 
valuable decision support on how to improve harvesting operations.   
Inefficiencies included 16.1% of the total time some form of machine idling was 
occurring, 9.12% of the time the machine was performing some type of travel either in the field 
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or road transport, 9.32% of the total time the machine was performing a turn within the 
headlands of the field, and 2.92% of the total time the machine was unloading grain while not 
harvesting.  The geospatial representation also offered possible adjustments that could be 
made to the machine state rules for more accurate machine state classification. 
It was also determined that more than just productivity metrics should reflect the 
overall performance of operations.  There needs to be some quality metrics associated with 
operations such as grain throughput per hour, amount of grain losses, grain cleanliness, and 
others.  Some of these are collected from machines currently but more sensing is needed to 
collect more quality metrics associated with harvesting operations.  Further research is needed 
to determine how to quantify this quality of operation aspect as well.  By having values for 
productivity and quality, operators can be compared by performance. 
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CHAPTER 1:  INTRODUCTION 
 
 Agriculture machinery has made many advances over the years in the size of equipment 
as well as the intelligence of computers on board the machinery.  These advances have led to 
farmers being able to make a big increase in productivity of their day to day operations.  This is 
needed though because as the machine capabilities have continued to grow and allow for more 
productivity so has the various inputs needed to run the equipment.  There have been major 
increases in fuel prices, cost of labor, and other production cost associated with running a farm. 
  Precision agriculture is a process which involves collecting, interpreting, planning, and 
use of data about a field or crop (Buick, 1997).  Precision agriculture has been used for several 
years for GPS capabilities and collecting the years’ worth of data to see how crops and 
machinery performed for the year, but it has not been used to its fullest capabilities.  It is vital 
that precision agriculture be used as a tool to help in planning these farming operations to help 
farm managers cut down on the amount of inefficient time experienced over the course of one 
year of crop production.  Fountas et al. (2006) modeled the decision flow process from data 
acquisition to decision made of farmers to better understand how decisions are made for 
farming operations.  From knowing how decisions are made information systems can be 
developed to aid farm managers in real-time decision making (Sorensen et al., 2010).  The 
percentage of the population farming today continues to shrink while the world population 
continues to grow.  With the decrease in number of people running the operations it is vital 
that the machines capabilities are used to their full potential and operators can obtain the 
maximum productivity with their machines.   
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 In order to determine and correct inefficiencies in farming operations John Deere is 
performing a project focusing on machine learning of the combine harvester using several of 
the variables that can be collected on the machine.  This will help determine which of the 
inefficiencies has the greatest impact overall on the harvesting operations and then help to 
create solutions either on the machine or externally to allow farmers to obtain maximum 
productivity with their machines.  The research presented in this document is only a small 
portion of the overall project undergoing at John Deere.  This project attempts to divide the 
harvesting operation into different states and determine the amount of time spent in each 
mode of operation.  This was achieved by recording and analyzing one year’s worth of 
harvesting data from John Deere combine harvesters for a Midwestern farm located in Iowa.  
Once the modes of operation have been determined recommendations will be made within the 
overall objectives of the John Deere study.               
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CHAPTER 2:  OBJECTIVES 
 
Agriculture machines have reached a threshold in terms of maximum size, so in order to 
become more productive operations analytics need to be performed in order to determine 
where the inefficiencies occur during operation and what can be done to correct these 
inefficiencies.  Deere & Company has collected data for this study from combine harvester 
machines regarding harvesting operations on a Midwestern farm located in Iowa. 
The overall goal of this research was to quantify and evaluate machine performance during 
corn harvesting operations.  After identifying different modes of operation for harvesting and 
determining the amount of time spent in these different states a spatial representation of the 
data and operation states were developed using the mapping capabilities of ArcGISTM.  Also 
knowing how much time was spent in each harvesting state recommendations could be made 
regarding ways to improve the inefficiencies seen.  The specific objectives of the data analysis 
were to: 
 Quantify and evaluate combine harvester performance in corn production by recording 
and mapping usage during normal field operations. 
 Investigate harvesting productivity and quality of operation to reflect machine 
performance. 
 Access fleet management strategies and logistics with the aid of ArcGISTM. 
 Develop recommendations for improving agricultural operations based on the data. 
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CHAPTER 3:  LITERATURE REVIEW 
 
 Several improvements to farm machinery, specifically the combine harvester, have been 
made over the years to increase productivity of operations.  The main reason for the increase in 
productivity has been the increase in the size of the machines.  However, machines are starting 
to reach a threshold relative to their maximum size due to road travel limitations, compaction 
issues, and other criteria.  Further increases in productivity for farming operations will need to 
be sourced from the optimization of these operations.  Precision agriculture is a process or 
technique which involves collecting, interpreting, planning, and use of data about a field or crop 
(Buick, 1997).  The technology to collect these data has been in use for a while now but it is the 
interpreting and planning that need to be further investigated and applied to help field to field, 
day to day, and season to season operations become more efficient.  The following sections 
explore decision support systems used with precision agriculture as well as fleet management 
strategies and machine performance monitoring in agriculture.   
3.1 Precision Agriculture for Operation Decision Support 
 There have been several advances in precision agriculture in recent history.  Machines 
can be tracked very easily with positioning systems and yield and machinery performance 
monitoring enables farm operators and managers to acquire large amounts of site-specific data 
that can be used to enhance decision making (Blackmore, 2000; Fountas et al., 2006).    There is 
an abundance of different data that can be collected from farm operations with the use of 
precision agriculture as well as other secondary resources such as weather history for an area.  
However, the challenge is to identify the usefulness and importance of these data to optimize 
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farm operational efficiency (Brook, 1988; Stafford, 2000; Thysen, 2000).  Currently, there are 
several sources to automatically collect these farm data as well as ways to manually record and 
register them, but efficient use of these data in practice does not yet exist (Atherton et al., 
1999; Reichardt and Jurgens, 2009).  Stafford (2000) stated further technology development 
would be required in the area of sensing and mapping systems in order to provide spatially 
related data on crops, soil, and environmental factors.  The further development of sensing 
technology can ultimately lead to helping farm managers make decisions in real-time based on 
site-specific histories and the current information available.   
Decision-making is a core issue in farm operation management.  Farming does not 
follow a set schedule due to so many different variables making up this complex process and 
some decisions are likely to be made on intuition based on prior experiences of the farm 
manager.  The need for information systems to support decision-making with the use of 
precision agriculture has been noted in several studies.  One study by Atherton et al. (1999) 
argued that site-specific farming was dependent on having large amounts of reliable data.  The 
focus should be only collecting data that can be used effectively for operation decisions.  It was 
also stated that the gap between acquiring this information and using it effectively in making 
agriculture management decisions had widened.  They concluded that there was no set 
schematic to cover this issue.  Different farm managers will look to different data when it is 
time to make a decision and it is important that each manager only collect the data they find 
the most useful and that can be used to effectively make farm management decisions 
(Atherton et al., 1999). 
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Decision support systems have been used for many different applications to help 
management have a logical background and process to follow when making decisions.  These 
decision support systems are now available for agriculture management decisions; however, 
they have yet to really be used by many farm managers (Cox, 1996; McCown, 2002).  McCown 
(2002) studied why these systems have yet to be used by farm managers on a regular basis and 
provided some possible solutions for the future of these decision support systems.  This 
research found that family farmers were resistant to the use of these systems as the only 
possible way to go about their operations because they felt their decision process was being by-
passed based on intuition they have for their farm.  However, when the decision support 
system was used as a tool to supplement the intuition of the farm manager by deriving and 
exploiting “deep”, abstract information about the system and introducing a powerful “logic”, 
these farmers were more likely to use the system (McCown, 2002).  From this it was concluded 
that in designing these decision support systems for agriculture management purposes 
emphasis for the design should be placed on learning what farmers do and how they make 
decisions instead of researchers strictly imposing their farm management decisions into the 
program.  According to McCown (2002) there are a few different directions in which this type of 
system can be implemented: as a small tool for aiding farmers’ tactical decisions; or as a 
simulator for a consultant’s tool or as a learning module for operators, or as a framework to 
document farming practices. 
Some further research on of these decision support systems has been done to 
characterize farmers’ decision-making process using precision agriculture. Fountas et al. (2006) 
worked in conjunction with farm managers to expand on some research performed in Denmark 
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on a farm manager’s decision process and create a model of the overall process.  They broke 
down the decision-making process into small decision statements and the information the farm 
manager would need to make that decision.  Fountas et al. (2006) study used the decision 
“what seeding rate?” as thought through by a farm manager to decompose this process.  The 
process was found to have twenty-one decision statements and analysis factors that made up 
the decision-making process.  An example of one decision factor in the study was 
“Management strategy” that examined the management philosophy that the farm manager 
valued most, and in this case it was to maximize yield (Fountas et al., 2006).  This was just one 
of the twenty-one decisions.  Other examples included “Decision level”, (strategic, tactical, or 
operational), “Decision-maker”, “Decision frequency”, and “Decision timing” among others 
(Fountas et al., 2006).  From these twenty-one decisions a data flow diagram was constructed 
that described the decision-making process from the receiving of the data to the decision being 
made.  Similar data flow diagrams were also composed by Nash et al. (2009) and Sorensen et al. 
(2010), in which they investigated data that could be collected from machines and other 
external sources to relay back to farm managers.  Both agreed that understanding the actual 
and potential data-flows was an essential step before optimization and automation of data and 
information management systems could be used.            
3.2 Agriculture Fleet Management 
 Agriculture machinery has reached a threshold in terms of maximum size of the 
machine.  The machines cannot become too much bigger or they will not be able to pass down 
the narrow rural roads of the world.  Some issues already occur where machines cannot take a 
direct path from field A to field B because along that path there is a point where they do not fit 
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due to the road being too narrow.  Because of this, machines cannot be made any bigger to 
increase productivity; instead they must be used in smarter and more efficient ways.  In order 
to optimize the management of farm operations fleet management tools must be used for 
decision support to improve scheduling, routing, and real-time monitoring of vehicles and 
materials for a fleet of agriculture machines (Sorensen and Bochtis, 2010). 
 The agriculture sector can make big gains in terms of using the equipment more 
effectively when it comes to logistics planning.  According to Cooke (1993), logistics is defined 
as “the science of planning and implementing the acquisition and use of the resources 
necessary to sustain the operation of a system”.  Agriculture fleet management is viewed as 
farm operators or machine contractors’ optimized decision making with regards to resource 
allocation, scheduling, routing, and real time monitoring of vehicles and materials, and 
conducting field operations in a timely matter (Sorensen, 2012).  Sorensen identified three 
levels of functionality of the fleet management systems for agriculture.  The first level included 
tracking functions such as GPS position and time functions activated by the operator of the 
vehicle.  The next level built upon the first but added the possibility of interactive 
communication with the operator to relay operational task instructions directly on an “on-
machinery” display (Sorensen, 2012).  The highest level of functionality included comprehensive 
data acquisition functionalities to directly relay to the electronic system of the vehicle and help 
guide it through operations.      
 Maximizing agriculture machine productivity is a major factor for the future of farming.  
With the various regulations being imposed for emissions and for the different chemicals used 
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in crop care, it is vital that the agriculture industry use the various forms of technology to their 
highest capabilities.  Using this technology to plan and direct fleets of machines could be of high 
value.  Driving instructions for in-field and road transport, as well as plans to optimize field 
operations could pose a very beneficial influence on several factors pertaining to operational 
efficiency (Palmer et al., 2003; Sorensen and Nielsen, 2005; Bochtis and Vougioukas, 2008).  The 
operational efficiency described here is the ratio between the actual in-field productivity and 
the maximum theoretical productivity the machine is able to perform if it maintained the 
maximum operating speed as well as working width.  This maximum theoretical value assumes 
that no turning or travel would have to be performed and the machine would be used to its 
fullest capabilities the entire time it is operating.  In real-world farming practice this is not 
achievable, but it is important that the machine maintains a high level of efficiency and reduces 
the time spent within these inefficient states such as turning and travel because they represent 
a greater proportional loss in potential machine production (Sogaard and Sorensen, 2004). 
 Sorensen and Bochtis (2010) derived two distinct configurations for the design of fleet 
management configurations, centralized and decentralized.  The centralized fleet management 
practice is seen as a baseline system approach to planning, scheduling and documentation for 
mobile field units.  This is done by the system first collecting information on the fields and 
operations of the farmers and processing the data at a central computer.  After processing the 
information the computer plans the sequence and route applicable to an individual vehicle in 
the fleet.  While machine operations are taking place, information such as position and time is 
relayed to the central processing unit to continue the on-going planning process of machine 
operations.  Some weaknesses of this approach are difficulties with intractable solutions for 
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large groups, computations are large and may not be feasible in real-time, and vulnerability of 
the system if the central unit malfunctions the entire team could be disabled.  The 
decentralized approach would involve on-line coordination of mobile units cooperating to 
accomplish a task within a field such as combines and grain tanks.  The system enables each 
unit to operate independently, acting on information that is locally collected by the machine.  
This allows the system to make fast decisions in response to dynamic conditions because the 
units are making decisions on a local basis of information collected by the machine.  The 
drawback of the decentralized system is that it results in sub-optimal solutions since it makes 
plans in accordance to local information instead of a centralized unit.  Both systems provide a 
very good strategy to complete operations but need to be connected together to generate fully 
optimized solutions to machine operations.   
3.2.1 In-Field Logistics 
 Within agriculture fleet management studies, there have been several studies 
performed on the topic of in-field logistics.  It is known that improving the in-field operation 
strategy will improve the operational efficiency of the farming operations and help to reduce 
the operating cost seen by the farm managers.  It takes a variety of different types of machines 
to perform different seasonal tasks over the course of a year of farming to produce a crop.  In 
tillage, planting, and spraying operations, most machines work on an individual basis, 
performing a specific operation on a field while another machine in the same fleet may perform 
the same operation on a different field at the same time.  However, in harvesting operations it 
is much more a systems approach to transfer grain from the field to the storage site.  There are 
usually several harvesters working together along with other equipment such as grain carts, 
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and tractor trailers.  This requires some logistical planning which may require assigning 
combine harvesters to a particular part of a field, assigning a grain cart to a combine, and then 
having enough tractor trailers to haul the grain to a storage site so that there is at least one 
tractor trailer at the field site at all times.  This process in most cases is planned according to 
experience of the farm managers and delays are often experienced due to poor communication 
between all the equipment operators and farm managers (Ali and Van Oudheusden, 2009; 
Sorensen).  Improved planning tools combined with monitoring systems could potentially 
increase the capacity utilization as well as the timeliness of field operations.  Studies have 
shown that capacity utilization can be increased significantly and help reduce unit cost 20-30% 
by following goal-directed planning and monitoring (Sorensen, 2003; Sorensen et al., 2003). 
 Some route planning studies that have been reported include route covering tours and 
minimum turning algorithms.  Stentz (1994) developed the “D-Algorithm” to plan optimal 
routes for a mobile robot.  The algorithm was designed to find the optimal path in a directed 
graph and allows dynamic planning if the robot senses changes in the environment in real time.  
Sorensen et al. (2004) investigated route planning for operating in field and proposed a 
heuristic to find the best solution due to the complexity of the overall system.  Another area 
coverage route planning study was performed by Oksanen and Visala (2007) in which they 
proposed an area coverage algorithm for agriculture operations that divides the coverage area 
into sub-regions.  The machine path was then generated that covers each sub-region, with 
considerations such as desired working direction within the field.  Bakhtiari et al. (2011) used a 
field area coverage pattern of “B-patterns”.  B-patterns are an optimization process that 
minimizes different operation criteria such as operational time, non-working travelled distance, 
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fuel consumption and much more.  They developed an algorithm to use this B-pattern model 
and showed it is feasible to use an ant colony metaheuristic optimization approach to generate 
optimal routes for field area coverage as long as the machine is equipped with an auto-steering 
system.  These studies were all focused to lessen the distance traveled within the field while 
performing the operation which can help improve the operational efficiency by eliminating 
unneeded travel.  However they did not focus on the whole system of harvesting that involves 
harvesting the grain and unloading it on to a grain cart or tractor trailer to move to a storage 
site.   
 Other studies focus on minimizing turning time and distance of operations.  Arkin et al. 
(2000) investigated optimal covering tour problem with consideration for turn costs and 
developed an algorithm to approximate the minimum number of turns.  Witney (1996) and 
Hunt (2001) investigated field patterns for machines in detail and described the most 
commonly used patterns used in farming practices.  They also stated that the turns at the end 
of crop rows can have a major impact on the total time spent in the field.  Hansen et al. (2007) 
investigated this research a little further and analyzed path patterns for a single combine 
harvester with an emphasis on turns in the headland of the field.  They developed a model to 
represent a single machine while turning in the headland and found the larger corn heads 
resulted in much less time to execute the turn loop.  They also discovered that the total idle 
time from turning and traveling along the headland was reduced with increasing size of the 
corn head.  These studies were very beneficial to see the route planning that had been done in 
past research; however, they did not take into consideration the unloading of the grain to 
transport to a storage site.         
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The goal of Ali and Van Oudheusden (2009) and Ali et al. (2009) was to improve the 
efficiency of the crop harvesting process by improving coordination between the agricultural 
vehicles involved in the system.  They described the two major issues in the process, the first 
issue was determination of optimal covering tours for the combine harvester performing the 
operation and the second issue was where feasible locations existed to unload the grain onto 
the tractor trailers.  These simulations were modeled as an integer program minimum-cost 
network flow problem with additional constraints used for the harvesting process.  Ali and Van 
Oudheusden (2009) simulation planned routes to minimize the non-productive distance 
traveled and planned interactions between the combine harvester and tractor trailers to 
provide better coordination between the vehicles.   
Ali et al. (2009) considered the interaction in the field between the harvesters and 
tractor trailers.  This simulation was an infield logistics problem formulated as a vehicle routing 
problem with additional turn penalty constraints.  However, due to the number of times a 
combine harvester must unload in one field and the number of decision variables present it was 
not possible to solve the problem for a realistic sized field.  The formulation was simplified by 
solving the problem for each tour, which was defined as the harvesters’ start and end points 
and the locations where the harvester needed to unload grain.  The results also showed 
improved coordination between combine harvesters and tractor trailers and minimized non-
productive travel.  These studies provided useful information, however, they did not include 
the grain carts into the planning process.  With a large harvesting operation grain carts are vital 
to keep the harvesting operations moving.  The system as a whole needs to be explored for 
modeling and simulation based solutions.         
14 
 
3.2.2 Road Travel Logistics 
Road travel has not been studied as rigorously as in-field travel.  This is due to the 
possibility of improved productivity and efficiency being not as great for road travel in 
agriculture as it is with in-field logistics.  Road travel logistics is still important though and 
operation efficiency can be gained.  The common area of focus is dynamic resource allocation 
and scheduling for the transportation logistics (Crainic and Laporte, 1998; Basnet et al., 2005).  
In this research methods were developed to solve complex problems of scheduling task and 
allocating resources to specific jobs while also taking into consideration a number of 
operational constraints.  The models are based on the Vehicle Routing Problem (VPR) to 
optimize routes of a fleet of vehicles based at a specific location (Slater, 2002).         
Basnet et al. (2005) completed a study of scheduling contractors’ for crop harvesting 
operations in which they discovered the duration of each operation was dependent on the 
combinations of resources allocated to complete the operation.  The resources available were 
dependent on equipment and worker allocation as well as minimum and maximum time lags to 
start and complete the operations.  With this study considering more than one farmstead 
location, inter-farm travel time was also taken into account.  They found that scheduling 
harvesting operations for multiple farms to be very different from scheduling for just one farm 
because of the travel time but also because of the timing scenario in which each farm wanted 
their harvesting completed.  The program enabled the contractors to create a plan to perform 
their operations efficiently for the first plan but if interruptions occurred such as rain delays in 
operations a new plan would have to be formulated. 
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3.2.3 Machine Performance 
 Machine performance and more specifically operational efficiency is a topic that has 
been studied intensively by many researchers.  There are several governing equations that can 
be used to evaluate how a machine is performing and to determine what changes need to be 
made on the machine but there also needs to be a focus on other factors.  When evaluating 
machine performance, a holistic approach has been suggested in several studies (Grogan et al., 
1987; Yule et al., 1999; Singh and Singh, 2011).  The researchers suggested collecting data from 
field operations of agriculture machinery such as operator behavior, operator skill level, and 
economic factors related to agriculture.  All these factors are important because different 
farmers look at different factors when making decisions with regard to their agriculture 
machinery.  Some farm managers or farm operators many not be able to or want to optimize a 
specific aspect of the overall operation if it sacrifices more value on the overall operation than 
it gains individually. 
 According to Hunt (2001), time efficiency (percentage) is a ratio of the time a machine is 
effectively operating to the total time the machine is committed to the operation.  If the 
operator is inside the machine but not performing any actual working task with the machine, 
that is lost time.  Grisso et al. (2004) and Adamchuk et al. (2004) studied field efficiency from 
geo-referenced data for different farm operations.  Adamchuk et al. (2004) developed a 
methodology to parameterize the spatially variable characteristics of traffic patterns and define 
field areas with significant reduction in field efficiency.  The traveled path of the machine 
relates strongly to machine performance, with odd field shapes and obstacles forcing the 
operators to maneuver carefully through the field and in turn cause the field efficiency to 
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decrease.  These maps that were developed can be used to optimize traffic patterns through 
the field or even re-evaluate the potential profitability of field areas with different levels of 
maneuverability required for the machine.  The machine performance evaluation can be done 
for cost of operation, machine capacity, machine efficiency, and other aspects of operation of 
interest.  Then this information can be used to improve site-specific crop management.    
3.3 Overall Equipment Effectiveness  
 Overall Equipment Effectiveness (OEE) has been widely used in the manufacturing 
industry for some time now to quantitatively measure the productivity of the operations 
(Huang et al., 2002).  This is how companies can benchmark themselves against other 
competitors in the market, and track and trace improvements or declines in their equipment 
over a period of time (Bulent et al., 2000).  OEE is defined as a measure of total equipment 
performance, the degree to which the equipment is performing the allocated work (Williamson, 
2006; Muchiri and Pintelon, 2008).  It comprises of three separate analytical parts for 
equipment performance based on availability rate, performance efficiency, and quality rate of 
the output.  This tool is used to identify equipment related losses and to gauge where there are 
areas in which improvements can be made.  According to Jonsson and Lesshammar (1999) the 
losses seen are either chronic or sporadic.  The chronic disturbances are typically small and 
hidden while sporadic disturbances are usually more obvious because they occur quickly and 
are large deviations from the normal state.  
 Nakajima (1988) discussed six large losses that occur in the OEE measurement.  Two 
types of losses fall under downtime losses.  One was break down losses categorized as time 
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losses and quantity losses caused by equipment failure or breakdown.  The second downtime 
loss is set-up and adjustment losses that occur when production is changing from one item to 
another.  Two more losses fall under the category of speed losses.  The first type of speed loss is 
idling and minor stoppage when production is temporarily interrupted due to malfunction or a 
machine is running idle.  Another speed loss is using the machine at reduced speed which refers 
to the difference between the equipment design speed and actual operating speed.  The final 
two major losses that occur are under the category of quality losses.  The first quality loss is 
quality defects and rework caused by malfunctioning production equipment.  The last of the six 
losses and second of the quality losses is reduced yield during start-up.  These are the result of 
yield losses that occur from the time the machine starts up to the time it reaches its 
stabilization speed of production.  All of these types of losses are experienced in the agriculture 
industry specifically during harvest of the crops.  OEE could be a very useful tool to benchmark 
operators against one another. 
 There have been some modifications made to OEE in order to better measure different 
aspects of the manufacturing process.  One modification is called total equipment effectiveness 
performance (TEEP) proposed by (Ivancic, 1998).  TEEP is very similar to OEE.  The main 
difference is the inclusion of planned downtime in the total planned time horizon.  It makes a 
distinction between planned downtime and unplanned downtime over a certain period of time 
which helps show the importance of maintenance on the machine.  This helps to increase 
equipment availability.  This model could be used in the agriculture industry to gauge how often 
machines are breaking down unexpectedly and if different maintenance procedures should be 
in place. 
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Another modification made to the original OEE benchmark is the production equipment 
effectiveness (PEE) introduced by Raouf (1994).  This formulation allocated weights to the 
various items in OEE, availability rate, performance efficiency, and quality rate.  OEE assumes 
each aspect to be weighted the same where PEE allows the operator to select which of the 
items is most important to benchmarking their production.  Some operators will put more 
weight on performance efficiency while others are more concerned with having a high quality 
rate.  This would be very useful for large farm operations to benchmark their operators against 
each other.  It would allow them to set how they weigh each aspect of the overall operation 
and compare operators to see who may need more training.   
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CHAPTER 4:  MATERIALS AND METHODS 
 The ability to research the performance of agriculture machines during harvesting operations is 
a difficult task due to the variability of environmental factors that impact day-to-day operations.  The 
methods used in this study intended to advance on strengths of past studies.  Section 4.1 describes the 
data collection devices that were used to collect performance data in this study.  Section 4.2 describes 
the farm from which the data were collected as well as the type of combine harvester machinery that 
was used and generated the data.  The data processing within Matlab, the preprocessing in R studio for 
ArcGISTM, and the processing within ArcGISTM is included in section 4.3.  Finally a machine efficiency 
calculation is presented in section 4.4.      
4.1 Data Collection Devices  
 The data that were collected from the combine harvester machines were recorded by 
proprietary devices set up and installed on the selected farm’s combines by John Deere.  These 
devices allowed for data to be collected from harvesting operations throughout the whole 
harvest season without any interference and interaction from an outside source of the farm.  
This allowed day to day harvest operations to be performed in a normal uninterrupted and 
unbiased environment so that the data gave an accurate representation of normal harvesting 
operations. 
4.1.1 GPS Receiver and Display 
 The vehicles were fitted with the John Deere GreenStarTM Display and StarFireTM Receiver, 
whichwere an integral part of John Deere’s precision agriculture setup.  The StarFireTM Receiver 
refers specifically to the GPS receiver that was used to determine the position of the machine.  
This receiver then transmitted information about the machine’s position to the GreenStarTM 
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Display.  The GreenStarTM Display then would collect position along with other relevant 
information from the machine to be used for data analytic purposes (John Deere, 2014a; John 
Deere, 2014b). 
 The John Deere StarFireTM Receiver is a production line of GPS receivers that is available 
with different configurations.  These receivers are used in conjunction with the GreenStarTM 
Display to help farmers guide their vehicles during operation.  The StarFireTM Receiver’s 
available setups include:  SF1, SF2, and RTK, which all provide different levels of accuracy based 
on what the operator chooses to use.  These systems provide the GreenStarTM Display with 
position information with the SF1 being the least accurate as it gives the position within plus or 
minus 23 cm (9 inches), the SF2 gives the position plus or minus 5 cm (2.5 inches), and the most 
accurate system the RTK giving the position within plus or minus 2.5 cm (1 inch) (John Deere, 
2014a).  These receivers were designed to provide the user and the GreenStarTM Display with 
terrain compensation capabilities including three subcomponents for rotation of the machine 
about its three axes:  roll, pitch, and yaw.  In order to use this technology to its fullest 
capabilities the operator enters the specific location of the StarFireTM Receiver into the 
GreenStarTM Display along with the various other parameters associated with the specific 
operation being performed and machine setup (John Deere, 2014a). 
 The GreenStarTM Display is the computer for the precision agriculture functions off the 
John Deere machines.  Its user interface allows operators to record parameters on the machine 
such as: jobs, field name, variable-rate applications, coverage maps, working conditions, 
geographic location, yield, and moisture content.  This display and the StarFireTM Receiver work 
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together to record relevant information a farmer may want to look at after the operations are 
performed and presents the information in an easy to use and interpret format.  However the 
information that was able to be recorded did not include all the parameters needed for this 
study to evaluate machine performance and productivity.  The GreenStarTM also has a finite 
amount of data storage that it can hold depending on the amount of memory available on 
board but can be expanded to collect more data using a USB memory device (John Deere, 
2014b).        
4.1.2 Data Logger 
 In order to fully analyze productivity and performance of harvesting day to day 
operations, several variables were recorded from the combine’s CANBUS system.  In order to 
record this information Modular Gateway Data Loggers (MGDL) were installed on all the farm’s 
combines.  The MGDL originated within the construction and forestry division of John Deere as 
a major component of JDLinkTM system.  This system was designed to provide construction 
owners and operation managers with the location, operating characteristics, as well as other 
operation information to help the operator know how well the fleet of equipment was 
performing.  The information is transmitted wirelessly from the machine to the fleet owner or 
operation manager to some user interface device such as smart phones, desktop or laptop 
computers, and tablets (John Deere 2014c).  JDLinkTM has been adapted for agricultural 
operations to help farm managers and operators obtain useful information regarding their 
operations (John Deere, 2014d).  Specifically of interest for this study of the 128 variables 
collected were the engine speed, vehicle speed, auger engaged, grain tank level, harvesting 
state, road field mode, separator engaged, longitude, latitude, and grain mass flow.  This 
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information as well as many other parameters were stored on the MGDL and transmitted via 
cellular network to a John Deere storage server for all of the farm’s combine harvesters. 
4.2 Farm and Equipment 
 Section 4.2 contains a description of the farm where the data collection took place for 
this study.  Also contained in this section is a description of the combine harvester equipment 
used for the study.  Due to client confidentiality the specific information regarding the identity 
of this farm will not be disclosed.  
4.2.1 Farm Details 
 In order to evaluate the performance and productivity of John Deere Combines during 
harvesting operations, John Deere contracted a Midwestern farm to participate in this study.  
This farm was located in the east-central portion of Iowa and grew and produced only corn on 
approximately 5,600 hectares (14,000 acres).  In order to insure the privacy of this farm, it will 
be referred to as Farm 1.  Farm 1 was thought of as a large-scale corn producing farm since that 
was the only crop they produced on their 5,600 hectare farm.  This farm used conventional 
farming practices throughout the year to produce their corn crop but for this study only the 
harvest season was of interest.   
4.2.2 Farm Equipment 
 Farm 1 ran its entire operation using only John Deere equipment during the duration of 
this study.  However, for this study the only equipment of use for analysis purposes was the 
three John Deere Combines.  All three were John Deere S680 Combines and each combine was 
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individually equipped with a MGDL to record the 128 variable collected and used for the 
purpose of this analysis. 
4.3 Data Processing 
 Section 4.3 contains information regarding the data processing and analysis performed 
for this study.  The machine state formulation for the analysis is discussed in this section.  
Several tools were used such as Matlab, R Studio, and ArcGISTM to process and analyze the 
many data sets present for this study and the use of this software will be described in this 
section as well.    
4.3.1 Machine State Formulation 
 For this study harvesting was divided into eight different modes of operation in order to 
learn how the machine was being used and operated for day to day harvesting operations.  The 
eight states were created using first-hand knowledge of combine machine operations with 
different situations that may be present over the course of the whole operation each day.  Each 
state was formulated using Boolean logic with various machine messages collected by the 
MGDL and assigning specific threshold values to these variables for each state.  The eight states 
included:   
1. Idle grain tank not full 5.  Harvesting 
2. Idle grain tank full 6. Headland turn 
3. Unloading not harvesting 7.  Field Transportation 
4. Unloading while harvesting 8.  Road Transportation 
 
24 
 
Due to John Deere proprietary information the metrics and threshold values that help 
formulate these eight states cannot be presented. 
4.3.2 Machine State Calculation using Matlab 
 In order to perform some machine learning analysis on the harvesting data sets from 
each combine it was vital to know the amount of time spent in each machine operating state.  
Several Matlab scripts were written by Blank (2014) to perform some preprocessing for each 
excel file as well as to analyze for different machine performance metrics.  For this study the 
Matlab script of greatest use was state_eval_MTG.m which calculated the amount of time 
spent in each machine operating state in seconds (John Deere Proprietary).  
  This was performed by loading all the Matlab scripts created by Blank (2014) into a 
working directory along with each of the Excel CSV files collected over the course of the 
harvesting operations.  Some preprocessing had been done to the CSV files so that each file 
corresponded to one day of harvesting operations for one machine.  In order for the script to 
initialize and run the calculation for each state the CSV file had to contain a 29 row heade.  
Without this header the program will not run and multiple error messages will be present.  
Once the program initializes it will run through the file you wish to analyze and calculate the 
amount of time in seconds spent in each state of operation.  Each row of data in the CSV file 
represents one second in the day of operation for one particular machine so the program can 
run a calculation on each row of data and determines based on the state metrics which state 
that second of data falls into.  After the program does this for each row of data it will return the 
total amount of time spent in a particular state in seconds for the particular file that was 
25 
 
analyzed.  This data along with total area harvested in hectares and tons of grain harvested was 
then recorded in an Excel file for each machine’s data file.        
4.3.3 Data Processing with R Studio 
 Each file originating from the MGDL represented one day for one machine.  After using 
the Matlab script to calculate the amount of time in each machine state for each file a spatial 
pictorial representation of the states for the file was also needed to determine if any 
corrections needed to be made to the state metrics as well as to see how the harvesting 
operations looked overall.  In order to give this visual representation ArcGISTM would be used 
but before this program could be used the data files had to be processed to eliminate 
unneeded special characters and to calculate the machine state for each row of data.  Three 
different R scripts were used to do this in R Studio (Version 3.0.2 © R Studio, Inc.) 
 The first program that was run in R Studio was an R script titled “RemoveHeader.R” 
created by Linna Henry and is John Deere proprietary information that cannot be disclosed in 
this document (Henry, 2014).  This code was used to eliminate the 29 row header the data files 
contained in order to be used in the Matlab program.  This header contained many special 
characters that ArcGIS cannot read.  Each of the three machines had a specific folder containing 
all the files generated over the course of the harvesting season.  The folder name was then 
copied and pasted within the code to set the working directory of where the files would come 
from to remove the header.  Once the working directory was set, the R script would pick out 
each file of the folder, remove the 29 row header and replace the original file with the new file 
containing no header.  Since this loop within the script replaced each data file with a removed 
26 
 
header data file the original data files were copied and placed in a separate folder so that they 
were not lost and Matlab analysis could be performed on them still if needed. 
 The next program that was run in R studio was an R script created by Henry and Niehaus 
(2014) titled “MachineStateClassification.R” and is John Deere proprietary information that 
cannot be disclosed in this document.  This script used the state metrics for each machine 
operation state to classify the operation state of each row of data in the CSV data files.  Once 
the script classified the machine state of the row of data a new column was created in the file 
titled MachineState and assigned a value from 1 to 8 based on which of the classifications the 
row of data corresponded to.  The values of 1 to 8 corresponded to the eight machine states as 
follows:   
1. Idle grain tank not full 5.  Harvesting 
2. Idle grain tank full 6. Headland turn 
3. Unloading not harvesting 7.  Field Transportation 
4. Unloading while harvesting 8.  Road Transportation 
Each of the three machines had a specific folder containing all the files generated over the 
course of the harvesting season.  These files were already processed with the 
“RemoveHeader.R” script to remove the 29 row header (Henry, 2014).  The folder name was 
then copied and pasted within the code to set the working directory of where the files would 
come from to classify the machine states.  With the working directory set the script ran a loop 
and each file within the machine folder was processed through the code with a machine state 
classification set for each second of data.  After each file ran through the code completely the 
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file with only the removed header was replaced with a file that had the removed header as well 
as the MachineState classification column.   
 After the machine state classification program was run one last R script was needed to 
prepare the data files before they could be loaded and mapped in ArcGISTM.  This last script 
needed was produced by Henry (2014) and was titled “FormatDataForArcGIS.R”, this file is John 
Deere proprietary information and cannot be disclosed in this document.  This script was used 
to remove all special characters from the data files such as “NA” values that existed for 
different variables and underscores “_” and periods “.” that were part of the variable names.  
Each of the three machines had a specific folder containing all the files generated over the 
course of the harvesting season.  These files were already processed with the 
“RemoveHeader.R” and “MachineStateClassification.R” script to remove the 29 row header and 
create a machine state classification column (Henry, 2014; Henry and Niehaus, 2014).  The 
folder name was then copied and pasted within the code to set the working directory of where 
the files would come from to remove these special characters.  With the working directory set 
the script ran a loop and each file within the machine folder and was processed through the 
code with all special characters removed from each variable name and all “NA” values were 
also removed in each file.  Once each file was processed through the code R replace the original 
file that had the header removed as well as a machine state classification with a file that had 
the header removed, a machine state classification, and variable names with no special 
characters and no “NA” values present in the files.  These files were now ready to be imported 
into ArcGISTM and used to map the eight machine operation states. 
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4.3.4 Data Processing in ArcGISTM 
 In order to have a visual representation of the combine operation states ArcGISTM 10 
was used.  A specific program within ArcGISTM 10 called ArcMapTM 10 was used to give this 
visual representation.  ArcMapTM 10 allows the user to select specific data and import it into the 
software to analyze any of the variables that may be present in the data file in relation to the 
location of the field where it was collected.  For this study the MachineState column was of 
interest and used to map to obtain a visual of how the day to day operations looked.   
4.3.4.1 Data Importation in ArcGISTM  
 The first step to creating mappings of the data and analyzing the harvesting operations 
within ArcGISTM was to properly import the data files of interest into the program.  For 
verification that the data were in the right geographical location of the world on the ArcGISTM 
map, basemaps were added so that the alignment of the data could be visually inspected.  If 
the data points did not initially show up in the United States, more specifically the Iowa region 
it was known that the data were not correctly imported into the software.  These basemaps 
were added using the dropdown menu seen in Figure 1 by selecting “Add Basemap” and then 
selecting the “Imagery” basemap among the several choices as displayed in Figure 2.  The 
“Imagery” basemap served as a reference to the field shape from aerial imagery as well as 
different field attributes such as waterways that may have influenced the machines path 
through the field.     
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Figure 1:  "Add Data" and "Add Basemap" menu within ArcGISTM. 
 
 
Figure 2:  Basemap options within ArcMapTM 10.  For this study only the "Imagery" basemap 
was selected pictured in the top left corner. 
In order to load the data files collected from the machines in this study, the “Add 
Data…” option from the “Add Data” dropdown menu shown in Figure 1 was selected.  The .csv 
files that had been preprocessed within R studio for ArcGISTM were then selected based on 
what file was of particular interest to visually inspect and that data were imported to the 
software.  At this point in the process with the data now imported into the ArcGISTM software 
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the data are still not displayed on the geographic map.  To load data onto the “Imagery” 
basemap and align the files geographically, the user right-clicked on the file name and selected 
the “Display XY Data…” option from the menu that appeared as shown in Figure 3. 
 
Figure 3:  Menu that appears after user right-clicks on the file name in the Table of Contents 
section of ArcMapTM.  Select "Display XY Data..." to choose position parameters for data set. 
 By selecting the “Display XY Data…” option another menu was displayed that allowed 
the user to specify the variable that indicates the X, Y, and optional Z values that indicate the 
point’s location.  For this study, the X and Y variables were longitude and latitude respectively.  
This was done as shown in Figure 4 by selecting “GPSLongitudeSF” and “GPSLatitudeSF” for the 
“X Field” and “Y Field” respectively.  These represented the more accurate StarFireTM GPS data.  
In order for the coordinates to display on the “Imagery” basemap with the proper scale and 
location the user must also specify the “Coordinate System of Input Coordinates” also shown in 
Figure 4.  The coordinate system was set by selecting the “Edit” option in Figure 4, then 
selecting the “Select” button.  Another menu appeared and the “Geographic Coordinate 
Systems” option was selected followed by the “World” option.  For this study “WGS 1984.prj” 
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was the coordinate system selected.  The “Apply” button was then selected to apply the 
coordinate system to the map followed by the “OK” icon on Figure 4. 
 
Figure 4:  Information required to geo-reference the data in the "Display XY Data" menu. 
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Figure 5:  The red dot represents the data being in the right geographic region of Iowa.  There 
are numerous data points here that can be viewed by zooming in on the map. 
 The data were now imported and were viewable in the ArcGISTM software as seen in 
Figure 5.  A visual inspection at this point was done to check that the data appeared in the right 
geographic location of the United States.  There are several data points at this location that can 
be seen by zooming in and out as needed.  However, the user was informed at this point that 
the table specified did not have an “Object-ID Field”.  This meant the user would not be able to 
manipulate any features within the program because it was not yet saved as a layer file, the 
preferred file format for ArcGISTM.  To enable faster processing and editing features for 
ArcGISTM, the data were exported as a layer file, then reimported into ArcGISTM in the new file 
type.  This was performed by right-clicking on the file name under the “Table of Contents” 
window on the left hand side of the screen, selecting the “Data” option, and then the “Export 
Data…” option in the submenu followed by “OK” as shown in Figure 6.  After the data set was 
exported to a layer file it could be analyzed in several different ways using tools such as the 
attribute table as well as many others that will be discussed.  Since the data had been exported 
to a layer file the original data file was now of no use and could be removed to speed up the 
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processing time of the software.  This was performed by selecting the original data file, right-
clicking it and selecting “Remove” from the drop down menu.        
 
Figure 6:  Process for exporting .csv files as layer files within ArcGISTM 
4.3.4.2 Data Analysis in ArcGISTM   
 ArcGISTM is a useful tool to visualize the data and see different trends that may be 
present over the course of day to day operations.  ArcGISTM allows the user the ability to map 
variables with different symbol characteristics in order to see these trends more easily.  Of 
particular interest for this study was the “MachineState” column and to visually inspect the 
harvesting operation states.  The points were selected and contrasted using the “Symbology” 
menu.  To access this menu, the export layer file name under the “Table of Contents” was 
selected and right-clicked.  The “Properties” option was then selected and the “Layer 
Properties” menu appeared.  In the “Layer Property” menu, under the “Symbology” tab, the 
characteristics of the symbol representing each data point were changed based on the value 
assigned to the data point.  Mapping the “MachineState” was of particular interest in this study 
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so “Categories” was selected, then under the “Value Field” in the “Layer Properties” menu 
“MachineState” was selected and finally the “Add All Values” as seen in Figure 7.  This added all 
the data points and gave the count of number of data points in each state for the particular file.       
 
Figure 7:  Selection of variables to map. 
 It was desired to have eight distinct different colors to represent each of the eight states 
of harvesting operations.  This could be done using the color ramp tab as seen in Figure 7 or 
individually selecting the color and symbol.  To change the color, shape, and size of the data 
point for each individual value the user could double click on the specific value and the “Symbol 
Selector” menu would appear as seen in Figure 8.  The user could then specify the color, shape, 
and size of the data point to his wishes to make each operation state visibly different from one 
another.  The application of the varied symbol characteristics was useful in visually seeing 
where the machine was idle, turning, harvesting, and unloading.  An example of what the map 
may look like once this was performed can be seen in Figure 9 with the different colors 
representing one of the eight harvesting operation states.         
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Figure 8:  "Symbol Selector" menu to select different styles, colors, and sizes of data points. 
 
Figure 9:  Example of ArcGISTM mapping of machine state classifications with different symbol 
characteristics.   
 Another useful tool in ArcGIS that was utilized for this study was the “Selection By 
Attributes…” feature within the software.  With so many data points being mapped at times 
they could almost lay on top of one another especially when the machine was in an idling 
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mode.  During periods of idle, the machine was completely stopped and all the data points 
were mapped on top of one another.  Then when the machine started to harvest again the 
harvesting color selected for mapping purposes would be placed on top of the idling points on 
the map and one could not distinguish where the idle state occurred on the map.  With the 
“Selection By Attributes…” feature within ArcGISTM the idle machine state along with any of the 
other machine states could be highlighted and made more visible on the map.  This was done 
by selecting the “Selection” tab on the top of the screen, followed by selecting the “Select By 
Attributes…” in the drop down menu as seen in Figure x.  The “Select By Attributes” window 
then appears and the user can select a specific category of interest and enter the value or range 
of values that are of interest.  In this study “MachineState” was of interest so “MachineState” 
was the selected category and the value of interest in Figure X was “5”.  This was to highlight all 
the points when the “MachineState” equaled “5” to show when the combine harvester was in a 
mode of operation of harvesting. 
 
Figure 10:  "Selection By Attributes..." drop down menu. 
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Figure 11:  "Selection By Attributes" menu to highlight specific "MachineState" of interest. 
4.4 Determining Machine Efficiency  
 After the data set was analyzed with the Matlab program, the output time for each 
machine state of each day the machine was used to perform harvesting operations was stored 
in a new worksheet where final calculations for machine efficiency could be made.  The 
machine efficiency is determined by finding the ratio of the performance of the machine under 
operating conditions within the field and the theoretical area capacity.  Using the machine 
states mentioned earlier machine efficiency was defined as: 
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𝑛𝑓 =
[4]+[5]
[1]+[2]+[3]+[4]+[5]+[6]+[7]
                                                                  (1) 
where:  𝑛𝑓 = machine efficiency, as a decimal 
 [1] = idle grain tank not full, s 
 [2] = idle grain tank full, s 
 [3] = unloading not harvesting, s 
 [4] = unloading while harvesting, s 
 [5] = harvesting, s 
 [6] = headland turn, s 
 [7] = field transport, s 
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CHAPTER 5:  RESULTS AND DISCUSSION 
 
 An evaluation of machine performance for harvesting operations using real-time data 
collection from a corn production farm in Iowa is presented in the following sections.  Results 
from machine state break down and operation productivity are presented in section 5.1.  In 
section 5.2, mappings of the machine states using ArcGISTM are presented to provide a visual 
representation of how the machine is working in the field during harvest operations.  Finally, 
quality of the operation will be discussed in section 5.3 to provide feedback to operators. 
5.1 Machine State Analysis 
 The 2013 harvest operations monitoring experiment was conducted to track combine 
harvester machine productivity through an entire harvest season.  The productivity metrics can 
be analyzed by field, day, month, or for the entire operation. 
5.1.1 2013 Machine State Time Break Down  
 Using the Matlab program, each data file from one day of harvesting operations for an 
individual machine could be analyzed.  The time break down for each machine state for each 
machine was then calculated by summing the total time spent in each machine state of each 
day.  The results for the 2013 harvesting operations for Farm 1 are presented in Table 1 with 
the total time in seconds spent in each state for the individual machine.  Table 2 shows the 
efficiency with which each machine was used during harvest for Farm 1.  Table 3 presents the 
percentage break down of the time the individual machines spent in each state of operation 
and Figure 12 provides a comparison of these percentages for these machines.  
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Table 1:  Overall time break down for each machine for the 2013 year harvesting operations. 
 
 
 
Table 2: Machine efficiency for 2013 harvest season. 
 
 
 
Table 3:  Machine state percentage break down for each unit for the 2013 harvesting 
operations. 
 
 
 
Machine 
State 1 - 
Idle 
Grain 
Tank Not 
Full
State 2 - 
Idle 
Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined Time Overall
Unit 1 185322 40361 28519 125112 693139 116875 48840 65433 5303 1308904
Unit 2 233574 13587 39259 170519 864749 152402 66819 84669 5477 1631055
Unit 3 232803 29032 36616 164870 840264 155372 54685 95007 6249 1614898
Time Break Down [s]
Totals 651699 82980 104394 460501 2398152 424649 170344 245109 17029 4554857
Machine  Efficiency [%]
Unit 1 66.1
Unit 2 67.2
Unit 3 66.4
Total 66.6
Machine 
State 1 - Idle 
Grain Tank Not 
Full
State 2 - 
Idle Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined
Unit 1 14.2 3.1 2.2 9.6 53.0 8.9 3.7 5.0 0.4
Unit 2 14.3 0.8 2.4 10.5 53.0 9.3 4.1 5.2 0.3
Unit 3 14.4 1.8 2.3 10.2 52.0 9.6 3.4 5.9 0.4
Time Break Down [%]
Totals 14.3 1.8 2.3 10.1 52.7 9.3 3.7 5.4 0.4
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Figure 12:  Combine Harvester machine comparison for percentage of time spent in each 
machine state during the 2013 harvest.  
 Using the on-machine data collection and creating metrics to show how productive the 
machine is being used to complete the harvesting operations is very useful information to the 
farm manager and machine operator.  It allows the farm manager and operator to see where 
the inefficiencies exist while performing the harvesting operations and to come up with 
strategically better solutions to minimize these inefficiencies.  It also provides engineers with a 
deeper understanding of how the machine is being used in the field and if possible where 
design changes are needed to help the operations become more efficient.  For example, of 
Farm 1’s total harvesting time between the three machines only for 62.8% of the time were 
harvesting operations occurring.  Harvesting was defined by machine state four and five that 
specified unloading while harvesting and harvesting respectively.  For 16.1% of the total time 
some form of machine idling was occurring, 9.12% of the time the machine was performing 
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some type of travel either in the field or road transport, 9.32% of the total time the machine 
was performing a turn within the headlands of the field, and 2.92% of the total time the 
machine was unloading grain while not harvesting.  From these inefficiencies that exist, the 
farm manager can seek different ways to improve so that a greater percentage of the total time 
is spent using the machine to harvest. 
 The biggest time percentage of the inefficiencies was idle time.  Some idle time is 
expected, such as stopping at stop signs during road travel or attaching the grain head to the 
combine.  However, idling waiting to unload is an area that should be minimal.  Either another 
grain cart should be added to the fleet of operations or better communication needs to be 
implemented between the combines and grain carts so that when a combine is ready to unload 
a grain cart is there and harvesting continues without any stops. 
Another improvement that could be made would be to have a planned out order in 
which the harvesting operations will be completed so that road travel is limited as much as 
possible.  Ideally all the fields of the farm would be grouped together so that the amount of 
time road transportation takes place is a small piece of the overall operation, but a farms field 
can be scattered over a broad area with large distances in-between.  Road transportation only 
comprised 5.38% of Farm 1’s total time, but by slightly altering a few of the practices and 
logistically planning a route from field to field, improvements could be made.  However, 
farming is hard to schedule on a day to day basis because so many outside factors affect 
operations such as, is the grain ready to be harvested or is the field too wet for the machines to 
operate within the field.  Sometimes tradeoffs have to be made in the logistics planning from 
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field to field because it is more important for harvesting productivity to take place than wait for 
a specific field to be ready for harvest.  Field travel is also an area that could be improved.  For 
Farm 1 field transport was 3.74% of the total time.  There should be ways to improve this; 
maybe another grain cart is needed so that all unloading can be performed on the go while the 
machine is still harvesting.  Another way to reduce field transport would be to strategically 
locate the tractor trailer so that minimum travel is needed when having to unload if grain carts 
are not available.  This would also reduce the unproductive time to unload while not harvesting. 
The last inefficiency seen was headland turns the machine made.  Turning is an 
operational state that is hard to reduce because it has to take place for the operations to occur.  
It would be ideal if a field was infinitely long and turning never had to be performed but that 
does not occur in practice.  One way to improve this would be to path plan the direction the 
field is farmed, however, there are many cases in which a farm manager decides to use a path 
with more turns because it makes retrieving grain from the field easier in the fall.  This may be 
because a road is only on one side of the field and tractor trailers only have access to the field 
on that side.  
5.1.2 Day Basis Machine State Time Break Down  
 There are many ways to break down the data sets and present the information to farm 
managers to show how well or poorly the harvest operations are running.  Many farm 
managers look at their operations in terms of either field, day, or on a yearly basis.  By looking 
at operation efficiency on a daily basis, it allows the farm manager to gauge how productive the 
overall day was.  It also allows the farm manager to compare all the operators to determine if 
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an operator exceeded or did not meet expectations on that day.  Table 4 illustrates how this 
comparison among each of the machines working on a specific day might look.      
Table 4:  Performance comparison for December 5, 2013. 
 
 
 
 When looking at this comparison it can be seen that Unit 1 was much more efficient 
during operations on December 5, 2013.  The overall amount of time each machine worked on 
this day was very similar; however, Unit 1 performed at 64.9% efficiency while Unit 2 and Unit 3 
performed at 56.2% efficiency.  By digging further into the machine state break down one can 
see that Unit 1 idled for a much less amount of time than did Unit 2 and Unit 3.  The cause of 
the idling is unknown at this point but it could be related to machine issues, communication 
issues among the fleet, or some other case that is not presented.  
 Looking at the machine performance break down on a day-to-day basis also allows the 
farm manager to determine when the best and worst days of operation occurred in terms of 
machine efficiency for the year of harvest.  By comparing day-to-day efficiency a farm manager 
can determine why one day was better than the other and where problem fields or areas may 
exist on the farm.  Table 5 shows the date on which the minimum and maximum productivity 
occurred for the 2013 harvest of Farm 1.  Only the days that the machine worked more than 
7200 seconds (2 hours) were considered.  October 21, 2013 was the most productive day for 
Machine
State 1 - 
Idle 
Grain 
Tank Not 
Full
State 2 - Idle 
Grain Tank  
Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined Time Overall
Machine 
Efficiency 
[%] 
Unit 1 10524 16 752 5834 26825 4515 1871 3331 296 53964 64.9
Unit 2 14544 0 1049 4933 22693 3610 2363 3829 147 53168 56.2
Unit 3 12577 120 692 4412 20475 3675 2365 4030 109 48455 56.2
Time Break Down [s]
Totals 37645 136 2493 15179 69993 11800 6599 11190 552 155587 59.2
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Unit 2 and Unit 3.  This was due to very little transport and idle time on this day compared to 
the time spent in the harvesting machine states.  The most inefficient day of harvest for Unit 1 
was November 12, 2013.  This was likely because this machine was only used for 10,941 
seconds (3.04 hours) on this day and there was a much smaller percentage of the time spent 
harvesting on this day.    
Table 5:  2013 Harvest date of minimum and maximum machine efficiency for each unit. 
 
5.2 Visual Analysis of Machine States  
 In order to obtain a visual representation of the data collected, ArcGISTM was used to 
map the machine paths and machine states as operations occurred in the field.  This provided 
useful information with regard to how the machine was being used as well as possible 
modifications that needed to be made to the machine states for further research.   
5.2.1 Machine Mapping 
Figure 13 illustrates how the three combines worked together in a field on December 5, 
2013.  Unit 1 is indicated by yellow, Unit 2 is indicated by orange, and Unit 3 is indicated by 
blue.  One item of particular notice is the longer distance turns machines are performing.  This 
is more unproductive time being performed by the machine that causes the efficiency at which 
Machine Date
Machine 
Efficiency 
[%] 
Min 12-Nov 38.5
Max 23-Nov 78.2
Min 7-Dec 43.5
Max 21-Oct 83.8
Min 3-Dec 42.8
Max 21-Oct 83.1
Unit 1
Unit 2
Unit 3
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the machine is operated to decrease.  This is useful to have a visual representation of how the 
work was performed.   
 
 
Figure 13:  Spatial Representation of 3 machines working together on December 5, 2013. 
 
5.2.2 Machine State Mapping 
Another important aspect of ArcGISTM was the program’s ability to use multiple colors in order 
to map the eight different machine states.  Using the preprocessing scripts in R Studio described in 
section 4.3.3 a spatial representation of the machine states could be mapped.  This provided very useful 
insight as to what the machine was doing in the field and what types of decisions were being made by 
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the operator.  Figure 14 indicates what a typical map of the harvesting operations looks like when 
identifying each individual machine state.     
 
Figure 14:  Machine state representation for Unit 2 on November 14, 2013. 
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Table 6:  Comparison between Matlab and R-script to define machine state. 
 
There are some small differences in this mapping because a separate program from the Matlab 
script mentioned earlier was used to define the machine states as shown in Table 6.  These differences 
are minor enough that the pictorial displayed in Figure 14 is believed to be an accurate depiction of the 
harvesting operations on that day.  Some of the machine states, such as the two idling states are hard to 
depict on the map due to the fact that when the machine is idling it is not moving in any direction.  This 
means there are many data points laying on top of one another and then when the machine begins to 
move again the harvesting colored point overlays on top of all the idling points.  To obtain a better 
depiction of where idling occurred in the field the select by attributes function within ArcGISTM was used 
to highlight these points.  This is seen in Figure 15 and Figure 16.  When the machine is idling with the 
grain tank not full the cause as to why the machine is idling is unknown, but the possible reason would 
be beneficial to know for the farm manager.  “Is the machine idling because there is an object in the 
field that needs to be moved?”, “is the machine idling because a part is broken?”, or is there another 
cause as to why the machine is not moving.    
Machine State Matlab R-script 
1 10043 10398
2 593 605
3 1196 892
4 7302 7426
5 28095 27975
6 4271 4180
7 571 546
8 78 254
Unit 2 November 14, 2014
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Figure 15:  Unit 2 on November 14, 2013 with the idling grain tank full state highlighted in 
orange. 
 
 
Figure 16:  Unit 2 on November 14, 2013 with the idling grain tank not full state highlighted in 
red. 
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The spatial representation of the data also provided a few questions that needed to be further 
researched.  In Figure 16 for many instances the idling occurs either right before or right after the 
harvesting unloading machine state.  The time and direction of path when this occurred are unknown 
without manually sorting through each individual data set.  If it was idling before the combine was 
unloading was the grain tank full and the metric to record grain tank level sensor not working properly?  
Another metric that may need to be further examined is the headland turn machine state as highlighted 
in yellow in Figure 17.  Headland turns are the turning operation performed at the edge of the field, 
however, the waterway areas are also being defined as headland turns at this time.  This is due to the 
machine metrics that compose the headland turn machine state being the same as when the machine is 
driving through the waterways.  Another possible error that was visually inspected occurred during the 
harvesting while unloading machine state.  During unloading while harvesting an operator usually 
continuously unloads until the grain tank has been emptied, however several cases occurred where 
there was a small skip in unloading and the harvesting state was highlighted.  This is shown highlighted 
by the white oval in Figure 18.  It is unknown as to why the skip occurred. Maybe the operator shut off 
the unloading auger momentarily.  It also could be that for a few seconds the sensor did not record that 
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the unloading auger was engaged so the machine state was not counted as unloading while harvesting 
for those few seconds of data.     
 
 
Figure 17:  Unit 2 on November 14, 2013 with the headland turn machine state highlighted in 
yellow. 
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Figure 18:  Unit 1 on December 5, 2013 with skip in unloading while harvesting shown in light 
blue. 
 There were a few more errors that were visually seen in the spatial representation.  
There were some instances where transportation in the field was being mapped as road 
transport and other cases where transportation on the road was mapped as field transport as 
seen in Figure 19 and Figure 20.  This is likely due to the latitude and longitude not being 
included in the machine metric formulation for the road and field transport machine states. 
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Figure 19:  Unit 2 on November 14, 2013 road transport machine state highlighted in purple 
occurring within the field. 
 
 
Figure 20:  Unit 2 on October 8, 2013 with field travel highlighted in blue while on the road.  
Road travel is highlighted in purple. 
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 One last pitfall were skips that occurred in the data sets.  These pitfalls were viewed while 
mapping the machine sate from different machine data sets.  There are portions of the data that do not 
exist, usually occurring while traveling as seen in Figures 21a and 21b.  This is likely due to network 
errors when the data are transmitted from the machine to the server network where the data are 
stored.  It is unknown how much of the overall data are missing from the 2013 harvest data set for Farm 
1 and if any of the missing data are from actual in-field harvesting operations. 
 
Figure 21a (Left) and 21b (Right):  21a is Unit 3 on December 6, 2013 and 21b is Unit 1 on 
December 5, 2013 both showing skips in transportation from one field to another. 
5.3 Overall Equipment Effectiveness 
 The machine state classifications are a very valuable source to determine how productive the 
harvesting operations are over the course of a harvesting season.  However, the machine states 
themselves do not depict fully how well or poorly the harvest operations were performed.  In order to 
fully quantify the productivity of an operator, quality of the operation must be considered.  There are 
several factors that could contribute to the quality of operation for harvesting operations.  By combining 
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machine productivity and quality into a metric to gauge how well an operator performed, comparisons 
could be made from year to year and farm to farm to determine which operator may need more training 
with the equipment or to rank the operators in terms of performance.  This needs to be done because 
sometimes the best operator is performing operations on the hardest part of the field where turning 
may be difficult and more time may need to be taken while turning.  There may also be cases where an 
experienced operator will travel faster through the field while harvesting so less of a percentage of the 
total time is spent in the harvesting machine state and in turn the machine efficiency will be lower. 
 One possible way to incorporate some quality metrics into the harvesting operations would be 
to track grain losses over the course of operations.  If the settings on the combine are not set correctly 
such as the separator is set too tight or the machine is traveling too fast there will be a large amount of 
grain losses negatively affecting how well an operator is performing.  If settings on the machine are not 
correct the cleanliness of the grain will also be affected which would be an effective way to determine 
the quality of the operation.  Another example is to determine if the operator is traveling too slowly for 
the yield of the field so time is lost because the operator could be traveling faster.   
 Putting a quantitative value on quality is hard though.  Some sensors are on the machine that 
help gauge quality but more are needed to fully quantify a quality metric.  Sensors exist to quantify grain 
losses and grain throughput into the machine, but there are other quality aspects that are still sensed by 
operator intuition such as grain cleanliness and determining if the machine could travel faster through 
the field.  By developing more sensing on the machines, operations efficiency can be calculated to 
higher degree.  
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CHAPTER 6:  SUMMARY AND CONCLUSIONS 
 
 Machine performance of combine harvesters was recorded from a Midwestern corn production 
farm in Iowa.  The data were collected with customized versions of the John Deere StarFireTM and 
GreenStarTM precision agriculture solution and a customized version of MGDL.  The machine 
performance was collected in order to provide one year’s worth of corn harvest data depicting the 
operations of combine harvesters to researcher seeking to improve the overall efficiency of harvesting 
operations. 
 Upon receiving and filtering the data from the machines, the data files were loaded into Matlab 
and analyzed for time spent in each machine state classification.  The data were also imported into 
ArcGISTM to perform a geospatial analysis of the harvest machine performance. 
 After analyzing the machine state classifications it was determined that the machine efficiency 
for each combine harvester of Farm 1 was about the same.  Unit 1 had a machine efficiency of 66.1%, 
Unit 2 was 67.2%, and Unit 3 was 66.4%.  The machine state classification also showed inefficiencies in 
the harvesting process that could be improved.  16.1% of the total time some form of machine 
idling was occurring, 9.12% of the time the machine was performing some type of travel either 
in the field or road transport, 9.32% of the total time the machine was performing a turn within 
the headlands of the field, and 2.92% of the total time the machine was unloading grain while 
not harvesting.  Some possible improvements included better machine to machine 
communication as well as the possible addition of a grain cart so that harvesting on the go 
could be done at all times unloading was needed. 
 Once the machine states were counted using Matlab the data were loaded into ArcGISTM 
to obtain a spatial representation of the machine states.  The spatial representation proved to 
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be a valuable resource to analyze what happened through each second of operation.  It was 
also seen that possible adjustments need to be made to the machine state classifications such 
as including longitude and latitude for the field and road transport states.  Also the addition of a 
state so that passing through waterways is not counted as headland turning.  There were also 
some skips in the data visually inspected most likely due to a lost connection between the 
machine’s MGDL and the John Deere server.   
 The machine state classifications proved to be a valuable source to depict how 
operations were performed in the field and the performance at which the operations were 
completed.  However, to fully quantify operations from one operator to another some 
operation quality metrics should be used because not all operation paths are equal.     
 
 
 
 
 
 
 
 
58 
 
CHAPTER 7:  RECOMMENDATIONS 
  
 The evaluation of combine harvesters’ machine performance from on-machine data collection 
presented opportunities and recommendations for future work.  The following points and explanations 
should be considered in future research of this area: 
1. Operator data log – During this study it would be of great value to compare productivity among 
operators but due to no operator log, productivity was evaluated on a machine basis.  In 
knowing how an operator performed comparisons can be made to determine who the best 
operator in the fleet may be and who is in need of additional training. 
2. On-machine video recording – Some machine states were not classified correctly based on the 
geospatial analysis.  For example some field transport was seen on the road and vice a versa.  
By having a video recording synced with the data machine state classifications could be refined 
so that all possible classifications are represented as accurately as possible. 
3. On-machine data storage – As seen in the geospatial analysis some of the data were missing 
likely due to poor cellular transmission but it is unknown how much data are missing.  It is 
anticipated that storing a copy of the data on the machine in addition to the cellular 
transmitted data will provide a more complete set of data for the analysis.  
4. Quality metric quantification – A quality metric is needed to fully quantify the evaluation of 
machine and operator performance.  Machine efficiency is an effective way to gauge 
productivity but does not depict the entire harvest operations.  Performance is based on 
efficiency and quality of the operation.  Quality could include throughput of material on a time 
basis, grain losses monitored, grain cleanliness, among others.  Some of these have sensors 
available on the machine to collect the data while others are still done by the operator so more 
sensor development is required. 
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5. Use of more farms – The process of collecting and analyzing the machine states has been 
proven to be effective for one farm.  The next step is to continue to refine the machine state 
metrics for each classification and also collect data from additional farms so that comparisons 
can be made between farm sites.  Each farm manager operates differently so by having more 
data comparisons can be made with regards to how productively the machines are being used. 
6. Collect data from all machines involved in the harvest system – The process of collecting and 
analyzing the machine states was performed for the combines, but to optimize the entire 
system of harvest, position data from the grain carts and tractor trailers must also be collected.  
This will help determine why decisions were made the way they were and can help explain why 
certain events happened in the field.   
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APPENDIX A:  DATA SUMMARY BY MACHINE UNIT  
 
Table 7:  Data summary for Unit 1 2013 harvest operations. 
 
 
Date
State 1 - 
Idle Grain 
Tank Not 
Full
State 2 - 
Idle Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined
Time 
Overall
Machine 
Efficiency 
[%] 
11-Oct 4584 2318 861 4514 30179 3276 1005 1534 178 48449 74.2
12-Oct 2467 1310 390 3679 23379 3054 874 1776 715 37644 77.0
14-Oct 3690 3578 1161 5306 32277 4331 1078 2362 67 53850 73.1
15-Oct 1043 6737 342 3387 13917 1365 680 463 14 27948 63.0
16-Oct 2084 5871 1004 5697 26311 3456 550 730 104 45807 71.2
17-Oct 1229 490 326 1402 7187 1012 814 674 66 13200 68.9
21-Oct 389 0 90 245 1466 215 397 403 84 3289 61.1
26-Oct 2079 0 188 533 2268 473 503 723 18 6785 46.3
28-Oct 2639 1120 1089 4093 24173 3512 1245 699 139 38709 74.6
30-Oct 1605 1221 601 3168 13467 1536 540 1 66 22205 75.1
4-Nov 7858 2814 1199 3631 21640 2807 3597 2525 5 46076 58.0
5-Nov 3169 1349 711 2224 13732 3004 932 826 56 26003 63.5
7-Nov 6449 1388 1216 4491 25546 4762 2536 12377 11 58776 64.8
8-Nov 2377 952 837 4639 22816 3987 595 379 36 36618 75.8
9-Nov 3399 0 1350 4818 28197 4548 1544 799 275 44930 75.3
11-Nov 4029 0 208 964 5574 920 731 4523 69 17018 52.6
12-Nov 3701 0 497 188 3919 1085 1276 230 45 10941 38.5
13-Nov 6493 1 901 3127 19178 3279 1139 488 29 34635 65.4
14-Nov 8783 0 718 4952 28394 3998 1039 482 108 48474 69.6
15-Nov 6791 0 1271 3636 30493 7710 2818 1222 419 54360 64.7
16-Nov 17106 0 523 1359 14086 3658 1769 1099 59 39659 40.1
19-Nov 6193 99 626 4765 24254 3970 2002 2321 154 44384 69.2
20-Nov 1574 1485 409 4230 18492 2853 692 226 61 30022 76.4
21-Nov 4554 2140 1285 4894 27617 4095 1518 320 154 46577 70.5
22-Nov 1371 0 34 170 688 59 467 0 16 2805 30.8
23-Nov 4101 461 527 6388 26949 3781 446 0 487 43140 78.2
25-Nov 1414 0 66 103 824 287 116 0 170 2980 33.0
26-Nov 6614 2001 1924 4837 23901 5601 1590 4972 95 51535 61.8
27-Nov 13059 254 1071 3877 22042 5139 3614 3890 177 53123 52.8
29-Nov 6886 70 1401 4392 24450 6444 1775 2776 271 48465 63.5
30-Nov 9311 1921 1094 2518 14411 2867 2081 1865 55 36123 49.5
2-Dec 3592 430 1162 3918 23321 3746 2101 5500 208 43978 71.2
3-Dec 3053 1340 496 3378 13527 1415 267 35 205 23716 72.0
5-Dec 10524 16 752 5834 26825 4515 1871 3331 296 53964 64.9
6-Dec 11387 770 821 4554 25612 4004 2615 3151 210 53124 60.6
7-Dec 7513 225 1237 4983 30408 5725 1054 1618 125 52888 69.2
10-Dec 2212 0 131 218 1619 386 969 1113 56 6704 33.2
Time Break Down [s]
Total 185322 40361 28519 125112 693139 116875 48840 65433 5303 1308904 66.1
Percentage [%] 14.2 3.1 2.2 9.6 53.0 8.9 3.7 5.0 0.4
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Table 8:  Data summary for Unit 2 2013 harvest operations. 
 
 
Date
State 1 - 
Idle Grain 
Tank Not 
Full
State 2 - 
Idle Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined
Time 
Overall
Machine 
Efficiency 
[%]
8-Oct 6008 294 562 6523 27977 3904 2443 1413 179 49303 72.3
9-Oct 7021 0 786 5483 28627 3922 2430 3016 208 51493 70.7
10-Oct 7291 280 1313 3563 22435 5888 2751 5716 116 49353 59.7
11-Oct 4748 195 1140 5651 26437 5107 2962 2919 223 49382 69.4
12-Oct 3953 695 1658 3665 21546 4298 2165 2010 71 40061 66.4
14-Oct 3819 0 835 3051 28772 6232 2352 2891 277 48229 70.6
15-Oct 3701 431 795 3346 17699 3400 845 599 58 30874 69.6
16-Oct 4246 721 876 5323 21309 2961 1505 4172 123 41236 72.1
17-Oct 3697 50 495 1742 8216 914 748 462 55 16379 62.8
18-Oct 1395 0 505 4040 16848 2256 316 168 95 25623 82.4
19-Oct 3066 369 876 4875 21500 3993 2000 2432 93 39204 71.9
21-Oct 2061 548 996 8949 33086 3831 696 520 204 50891 83.8
22-Oct 982 673 134 518 2573 577 240 286 17 6000 54.3
23-Oct 6136 142 752 6560 30601 4526 1764 483 106 51070 73.6
24-Oct 4224 1089 1235 6734 27923 4298 1213 1646 227 48589 74.2
25-Oct 3139 266 1429 7816 34264 4108 1373 264 118 52777 80.3
26-Oct 5978 72 930 4649 22920 4324 1036 1213 205 41327 69.1
4-Nov 2611 0 593 1644 9457 2147 1228 989 59 18728 62.8
5-Nov 5150 29 887 2317 12795 2433 1010 1183 207 26011 61.4
7-Nov 3487 0 624 736 7540 1744 1133 771 2 16037 54.2
8-Nov 2764 498 1040 3537 18272 3792 979 932 257 32071 70.6
9-Nov 2738 0 416 6256 28481 3820 734 1104 149 43698 81.8
11-Nov 4398 0 144 1168 5964 782 822 4554 104 17936 53.7
12-Nov 3278 0 630 114 5071 1677 928 229 22 11949 44.3
13-Nov 8054 0 921 3722 17582 3382 1371 582 122 35736 60.8
14-Nov 10043 593 1196 7302 28095 4271 571 78 111 52260 68.0
15-Nov 4510 157 1573 5425 30348 5673 1623 2288 158 51755 72.5
16-Nov 4189 0 845 2162 17080 3902 832 1053 41 30104 66.3
19-Nov 4563 1532 1174 3830 23847 4601 2050 2292 144 44033 66.5
20-Nov 1854 1772 1243 2616 15765 2365 1257 565 84 27521 68.4
21-Nov 7177 81 1231 5236 26796 4105 2660 309 89 47684 67.7
22-Nov 1953 0 53 57 344 41 415 226 16 3105 14.0
23-Nov 4396 210 730 6690 27713 3394 402 163 232 43930 79.0
25-Nov 1657 0 36 156 617 303 125 127 24 3045 26.7
26-Nov 6976 147 1785 5695 24985 4664 2439 5127 116 51934 65.7
27-Nov 8326 287 1315 4072 25871 5836 2133 3740 230 51810 62.6
29-Nov 8796 0 1189 4290 23784 4763 3060 5363 337 51582 61.2
30-Nov 11830 0 896 3598 15871 2854 2777 1295 100 39221 51.5
2-Dec 7963 89 1413 5102 28280 5757 2931 4270 114 55919 64.8
3-Dec 5480 2367 612 1607 8139 1868 1207 522 147 21949 45.8
5-Dec 14544 0 1049 4933 22693 3610 2363 3829 147 53168 56.2
6-Dec 8512 0 1565 3763 30314 6484 2400 4903 67 58008 64.3
7-Dec 16860 0 782 2003 16312 3595 2530 7965 23 50070 43.5
Time Break Down [s]
Total 233574 13587 39259 170519 864749 152402 66819 84669 5477 1631055 67.2
Percentage [%] 14.3 0.8 2.4 10.5 53.0 9.3 4.1 5.2 0.3
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Table 9:  Data summary for Unit 3 2013 harvest operations. 
 
 
 
Date
State 1 - 
Idle Grain 
Tank Not 
Full
State 2 - 
Idle Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined
Time 
Overall
Machine 
Efficiency 
[%]
8-Oct 9241 276 902 6525 28681 4161 1969 1781 220 53756 68.0
9-Oct 7053 0 870 5593 29943 4848 1420 3238 271 53236 71.5
10-Oct 7096 159 1222 3089 19891 5905 2993 5863 76 46294 56.9
11-Oct 3915 0 445 5768 24858 5690 1818 2851 15 45360 72.1
12-Oct 6515 402 1208 3660 20673 5425 1956 1796 2 41637 61.1
14-Oct 3622 0 1161 2480 27274 7608 2956 2767 36 47904 66.0
15-Oct 4099 492 718 2869 16163 3375 779 573 13 29081 66.8
16-Oct 5515 0 1187 3571 17416 2579 1061 4526 303 36158 67.0
18-Oct 1220 0 487 4100 16871 2404 228 369 162 25841 82.9
19-Oct 5106 286 1127 4426 20709 3465 1498 2649 208 39474 68.6
21-Oct 2249 40 1042 7972 29093 3900 314 608 256 45474 83.1
22-Oct 844 844 288 352 2829 712 338 221 22 6450 51.2
23-Oct 5231 975 982 6917 30749 5075 649 923 255 51756 74.5
24-Oct 4903 1914 2146 6394 29160 5818 998 955 251 52539 69.3
25-Oct 4930 455 764 8306 35569 5217 774 384 267 56666 78.3
26-Oct 2293 10 1146 4664 26965 7009 847 1320 149 44403 73.7
28-Oct 6380 628 1449 4008 25131 6052 1135 1235 225 46243 65.1
30-Oct 2650 0 279 1175 5166 686 274 26 9 10265 62.0
4-Nov 6283 6255 1080 4106 18746 2149 2004 3110 110 43843 56.3
7-Nov 8283 541 768 4875 19896 4185 1363 5891 80 45882 62.1
8-Nov 4016 397 1333 5564 27115 3630 1255 743 178 44231 75.5
9-Nov 3140 1646 571 5267 26379 5128 611 403 5 43150 74.0
11-Nov 2308 329 551 532 4981 717 280 7 31 9736 56.8
13-Nov 4262 1354 1158 4283 22438 2461 464 333 176 36929 73.4
14-Nov 6931 56 1063 4076 21168 3169 1313 4882 88 42746 66.8
15-Nov 7617 7 1129 3087 23829 5909 2329 1910 253 46070 61.3
19-Nov 7950 1550 1239 3721 22040 3734 1755 3620 265 45874 61.4
20-Nov 2456 676 685 2242 13298 2234 1368 1074 97 24130 67.7
21-Nov 5042 4222 939 5115 24766 3760 939 492 187 45462 66.7
23-Nov 5824 506 410 5457 26388 3789 697 138 161 43370 73.9
25-Nov 1109 0 105 130 1041 198 87 341 68 3079 43.9
26-Nov 8664 1246 1286 5625 23054 3229 2139 5375 151 50769 63.4
27-Nov 9117 0 1009 2947 18474 4030 2206 3987 236 42006 56.7
29-Nov 7814 0 861 5305 28022 5368 2305 3093 528 53296 67.1
30-Nov 7931 1458 1092 4866 23318 3795 1456 1385 157 45458 64.2
2-Dec 9783 387 847 4089 21807 3856 1182 5981 296 48228 61.7
3-Dec 6160 1801 630 1331 7606 1423 1953 2335 72 23311 42.8
5-Dec 12577 120 692 4412 20475 3675 2365 4030 109 48455 56.2
6-Dec 15220 0 725 3824 21977 4917 2819 5572 140 55194 52.1
7-Dec 7454 0 1020 2147 16305 4087 1788 8220 121 41142 56.3
Time Break Down [s]
Totals 232803 29032 36616 164870 840264 155372 54685 95007 6249 1614898 66.4
Percentage [%] 14.4 1.8 2.3 10.2 52.0 9.6 3.4 5.9 0.4
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Table 10:  Summary by date of operation for the 2013 harvest for all three units combined. 
 
 
Date
State 1 - 
Idle 
Grain 
Tank Not 
Full
State 2 - 
Idle 
Grain 
Tank  Full
State 3 -
Unloading 
Not 
Harvesting
State 4 -
Unloading 
While 
Harvesting
State 5 -
Harvesting
State 6 -
Headland 
Turn
State 7 -
Field 
Tansport 
State 8 - 
Road 
Transport 
Undefined
Time 
Overall
Machine 
Efficiency 
[%]
8-Oct 15249 570 1464 13048 56658 8065 4412 3194 399 103059 70.1
9-Oct 14074 0 1656 11076 58570 8770 3850 6254 479 104729 71.1
10-Oct 14387 439 2535 6652 42326 11793 5744 11579 192 95647 58.4
11-Oct 13247 2513 2446 15933 81474 14073 5785 7304 416 143191 71.9
12-Oct 12935 2407 3256 11004 65598 12777 4995 5582 788 119342 67.8
14-Oct 11131 3578 3157 10837 88323 18171 6386 8020 380 149983 70.0
15-Oct 8843 7660 1855 9602 47779 8140 2304 1635 85 87903 66.6
16-Oct 11845 6592 3067 14591 65036 8996 3116 9428 530 123201 70.3
17-Oct 4926 540 821 3144 15403 1926 1562 1136 121 29579 65.5
18-Oct 2615 0 992 8140 33719 4660 544 537 257 51464 82.6
19-Oct 8172 655 2003 9301 42209 7458 3498 5081 301 78678 70.3
21-Oct 4699 588 2128 17166 63645 7946 1407 1531 544 99654 82.8
22-Oct 1826 1517 422 870 5402 1289 578 507 39 12450 52.7
23-Oct 11367 1117 1734 13477 61350 9601 2413 1406 361 102826 74.0
24-Oct 9127 3003 3381 13128 57083 10116 2211 2601 478 101128 71.6
25-Oct 8069 721 2193 16122 69833 9325 2147 648 385 109443 79.3
26-Oct 10350 82 2264 9846 52153 11806 2386 3256 372 92515 69.8
28-Oct 9019 1748 2538 8101 49304 9564 2380 1934 364 84952 69.5
30-Oct 4255 1221 880 4343 18633 2222 814 27 75 32470 71.0
4-Nov 16985 5817 4580 16759 78723 12923 5808 5126 483 147204 67.4
5-Nov 8319 1378 1598 4541 26527 5437 1942 2009 263 52014 62.5
7-Nov 18219 1929 2608 10102 52982 10691 5032 19039 93 120695 62.1
8-Nov 9157 1847 3210 13740 68203 11409 2829 2054 471 112920 74.2
9-Nov 9277 1646 2337 16341 83057 13496 2889 2306 429 131778 77.0
11-Nov 10735 329 903 2664 16519 2419 1833 9084 204 44690 54.2
12-Nov 6979 0 1127 302 8990 2762 2204 459 67 22890 41.5
13-Nov 18809 1355 2980 11132 59198 9122 2974 1403 327 107300 66.6
14-Nov 25757 649 2977 16330 77657 11438 2923 5442 307 143480 68.2
15-Nov 18918 164 3973 12148 84670 19292 6770 5420 830 152185 66.3
16-Nov 21295 0 1368 3521 31166 7560 2601 2152 100 69763 51.4
19-Nov 18706 3181 3039 12316 70141 12305 5807 8233 563 134291 65.7
20-Nov 5884 3933 2337 9088 47555 7452 3317 1865 242 81673 71.2
21-Nov 16773 6443 3455 15245 79179 11960 5117 1121 430 139723 68.3
22-Nov 3324 0 87 227 1032 100 882 226 32 5910 22.3
23-Nov 14321 1177 1667 18535 81050 10964 1545 301 880 130440 77.0
25-Nov 4180 0 207 389 2482 788 328 468 262 9104 34.3
26-Nov 22254 3394 4995 16157 71940 13494 6168 15474 362 154238 63.7
27-Nov 30502 541 3395 10896 66387 15005 7953 11617 643 146939 57.4
29-Nov 23496 70 3451 13987 76256 16575 7140 11232 1136 153343 64.0
30-Nov 29072 3379 3082 10982 53600 9516 6314 4545 312 120802 55.7
2-Dec 21338 906 3422 13109 73408 13359 6214 15751 618 148125 65.7
3-Dec 14693 5508 1738 6316 29272 4706 3427 2892 424 68976 54.2
5-Dec 37645 136 2493 15179 69993 11800 6599 11190 552 155587 59.2
6-Dec 35119 770 3111 12141 77903 15405 7834 13626 417 166326 59.1
7-Dec 31827 225 3039 9133 63025 13407 5372 17803 269 144100 57.3
10-Dec 2212 0 131 218 1619 386 969 1113 56 6704 33.2
Time Break Down [s]
Totals 651932 79728 106102 467879 2427032 430469 169323 243611 17338 4593414 66.8
Percentage [%] 14.2 1.7 2.3 10.2 52.8 9.4 3.7 5.3 0.4
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APPENDIX B:  ADDITIONAL MAPPING OF DATA 
 
Figure 22:  Unit 2 on November 14, 2013 with the unloading not harvesting state highlighted 
in teal. 
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Figure 23:  Unit 2 on November 14, 2013 with the harvesting and unloading state highlighted 
in light blue. 
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Figure 24:  Unit 2 on November 14, 2013 with the field transport state highlighted in blue.   
 
 
  
 
